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Abstract: To address the problems of partial semantic information loss and low accuracy of boundary local-
ization when convolutional neural networks are used for image semantic segmentation, this paper constructs
a convolutional neural network by combining the attention mechanism and multi-scale features. The model
firstly combines the multi-scale features extracted by the network based on the attention mechanism for
weighting, then uses dilated convolution and global average pooling to aggregate the multi-scale target in-
formation, and finally uses the boundary fine-grained feature extraction module to optimize the segmentation
boundary. Experimental results on the multi-scale PASCAL VOC2012 and high-resolution Cityscapes data-
sets show that the segmentation effect of the network in this paper is significantly better than that of the
backbone ResNet-101, and the average cross-merge ratio is improved by 12.2 percentage points and 9.3

percentage points, respectively.
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A 474 48.8 51.0 51.8 RE 53.3 56.6 65.4 66.1
LR FF 58.2 58.4 53.2 56.8 NI 64.4 65.9 68.9 69.8
FAR= 9] 60.6 61.6 63.5 66.0 P& 42.0 43.9 71.9 72.8
bR 71.1 71.6 71.4 75.2 FEFETE 52.5 53.7 60.7 62.4
ik 91.5 92.1 90.8 91.5 EEFES 72.2 73.5 73.8 75.9
LAl 62.4 62.5 56.7 57.9 T 68.6 69.5 70.8 724

. MiERRRILHE.
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FEARFISCI AR T, A 10 18 FER KN
H S13xSI3 MR R R G ER AT 6 i 70 iy 4 3 ok
JEHATSES, X AR A A ReR, [FRT STt
SRR AT YNGR S8, 25Nk 6 R, 1l
PIE W, ASCHRRA 61 334 365 4S8, &
SR/LF PSPNet, {HHACBRUH R 7.7 IF/s, 75K
JE AN PSPNet, X2 H T A SO AU 7E £ RO 4%
TER AR PR Y SR, ¥ ikERmIE
[ RLAIE N, X — £ Deeplabv2 1358
B A n] LIAS R ENIE; Deeplabv3+f%) 2 £ Al
HRARX 0y, X2 HAT ] Xceeption /E R8T
W, bl A SRR R SR ) i 25 R He T R R R O
AttenAtrNet RIS T 8410 o0 B 4558, (H 4R
T —H T AROR, MR BT, 2% 4 R
TTROR AR H 5.

*6 TREENSHERMEILL

R SHE A T RE /(R s )
FCN-8S! 134 362 751 50.0
SegNet!”! 49 834 687 25.0
Deeplaby2!”! 44172 308 8.3
PSPNet!'! 65 708 501 11.1
Deeplaby3+!"! 54705 317 20.0
A 61 334 365 7.7

2.3 HRRSEIE

AT HE AttenAtrNet H &AM H B AT B0PE,
A 3#E VOC2012 Fl Cityscapes ZUHa4E 47 @l
SCHy, A5 7 PR, ATLLE 7R 2 SR
I, FEFRZEMRLY Conv_4 Al Conv_5 B A ik
LHRUG, LHRAH 2 B9 mloU L34 1 43l e
6.6 AT M 3.2 NASA, RUY REHGER
A R 3 R BT SR AR S B B U B R R
IMAERBSE, LA 3 /) mloU HLALIRA 2
SRR 4.8 ANE AU 2.0 DA, RPRE
TR I HLH Y 22 RO AR A Rl 5 3R g R LA 280t )

a. LKA 1

b. K 2

FHRTA) ROBE B 40715 R AE, A8 BE 5 s Ak 2005 &,
ZWETCEAE B, TP A E R A2 R
BRI R AR, 52964 4 (19 mIoU HSZERA 3 43
SRR 0.6 NEATEM 2.5 NETE, KL RE
FRAE S A B T L s 2 ot 3R A AS T R AR AR ) 55
] R 3 8, BT A 4 BCR; A Ak
YRR R SR IOB S, SEER4 5 1Y mloU HLSZES
2H 457 AR 0.2 A ST R 1.6 DN E ST, R
PRI R E — 2D $i 15 D 2 53 1 A e Aff

RT E2INBEE LHITHASKEERLE

S Y EEN ZRE FUEHEIE mlou/

B T g moD AHEER %
vOC2012 1 65.5
2 v 72.1
3 v V 76.9
4 v N \ 775
5 v \ N v 777
1 63.1
2 \ 66.3
Cityscapes 3 v \ 68.3
4 v V V 70.8
5 v V V v 72.4

. MR A fE.

XFSLRGA 1~SHR A 4 BT HIS R T AT AL,
DS B UL R R 45 AR A, sl 5 B,
ARV, AU T RERIC DR, 75 21 i 73 1 25 51 2%
KT VZ/NEARATEE, W 1 A e A&
FERBEBORBI K MY KEBUR R4 2
T, AR SR B ROk, Rt T
HE 2 Ay e HE SR ARCR ST BT ReAi, B T
Z25 0, MATEB LGS S5 3 Fhizlsifs
B, Ul IR R B HILH] 1 22 ] RAE Rl 5K
W RERS FE o0 Rl 5 4 RUBEARAE, 4 5 SR IR A RFAE (S
By MAZRERMER GRS 4, 2FIgR
SRNEETN RSN bIIE SR E B NS 1B

d. SCER 4

c. L 3

Bl5 g5 B4R T AL



1536 AU B i 115 BB 222 4 364

24 SDEIGERATMK

fE Cityscapes ZU#E £ K AttenAtrNet 5
PSPNet 1 Deepabv3+H 53 HIZCR AT AT AL, AT
FUOULHD R 2 45 1) 43 BIOR, 25K 6 Pk,
nLUAEH, 55 117, PSPNet K apfb i 4 R0 N
T4, Deeplabv3+:4s Sk bty 8 7R R 1R 5 F il
Y, i AttenAtrNet RENSIH T 2 RBEFHIE(E B A&
R T W, IE & s fbiy; 58 2 17
f1, PSPNet il Deeplabv3+3% 45 # AATIEZ & IE
Moy HIH ok, 55 3 47, PSPNet ¥ /NER /- EEFE 414
RIRTN, 5 4179, PSPNet th AR B4 #] H 7%

A9 S5 8%, Deeplabv3+43E] H ) A 478 A H 43 Bk
Je, i AttenAtrNet Xf/NRUEE H AR % G A7 347 1)
Y EIEER; B 3 AT EAE T, AttenAtrNet 43 HI4H
XFoEEE; 8 S AT, P R BHG R RS, PSPNet Kt
REFIR BRI K2, XK ERMALTIE
RAWA RSy, Deeplabv3+oKHE5¢ & 1EHH M43 #], 1M
AttenAtrNet REAS 75375 J& 25 0] T SUE B4R
AR Zs [ AR, K L IE 6 Ml 0 1 s ok SEER 25 IR 3R
W], AttenAtrNet REfE 7050 FFH 2 ROEAG B 4757
FIRCR, IF BN R REE /9 B AR 384 B 1 4y 1

45

a. JA b. R4

c. PSPNet!!"

d. Deeplabv3+'"! e. AttenAtrNet

B 6 Cityscapes $UHE5 4 HI 45 R o] Mk

3 & 1

AR SCEF WL B E CNN TEFEATHE A3 B A
FERR OB SR B ER L R B A AL B4R
B R S R A, A CNN AR e 24 E B B
25 [ B RR S, W HE— A R LG A
ROBEFFER) CNN AR DGR 25 B0 FERE AR B,
it A 5K B B UE S B RRAE 19 20 B, TR ERA T
B IHUER XA TR 2 R SR AT IR Al &, S
HARET & E R, (Y REF GAP RAEZR
JEEARE R, BSR4 IR A BE T R
1 UK A0RL B FRAE SE OB AR A Ay FI L B S0
S5 FRW], AttenAtrNet 7EHEHUAYHH SUF B¢
PRI o 45 SR 00 o B O T LA A i P

AR X B 2% A R Y s SR T 19 JE BRI IE
i o, HAEREIE T A 9 0 M. Kok,
itk — R E AttenAtrNet A9 £ HURCR.
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